Laboratory-based studies have shown that combustion sources emit volatile organic compounds that can 13 be photo-oxidized in the atmosphere to form secondary organic aerosol (SOA). In some cases, this SOA 14 can exceed direct emissions of primary organic aerosol (POA). Jathar et al. (2017) recently reported on 15 experiments that used an oxidation flow reactor (OFR) to measure the photochemical production of SOA 16 from a diesel engine operated at two different engine loads (idle, load), two fuel types (diesel, biodiesel) 17 and two aftertreatment configurations (with and without an oxidation catalyst and particle filter). In this 18 work, we used two different SOA models, the volatility basis set (VBS) model and the statistical 19 oxidation model (SOM), to simulate the formation and composition of SOA for those experiments. 20
Introduction 36
Combustion-related aerosols are an important contributor to urban and global air pollution and have 37 impacts on climate (Pachauri et al., 2014) and human health (Anderson et al., 2012) . While direct particle 38 emissions from combustion sources are dominated by primary organic aerosol (POA) and black carbon 39 (Bond et al., 2004) , these sources also emit more volatile organic compounds (VOCs) that can 40 photochemically react in the atmosphere to form secondary organic aerosol (SOA) (Robinson et al., 41 2007) . SOA production from combustion emissions is poorly understood and not very well represented in 42 models in terms of its precursors, gas-particle partitioning, composition, and properties (Fuzzi et al., 43 2015) . Atmospheric models frequently under-predict SOA mass concentrations during strong 44 photochemical episodes in urban areas (Jathar et al., 2017b) , which likely highlights the challenge in 45 modeling the SOA contributions from urban, combustion-related emissions (Ensberg et al., 2014) . 46 47 Diesel-powered sources, which are an important source of air pollution at urban and regional scales, emit 48 precursors that form SOA in the atmosphere (Gentner et al., 2016) . Robinson et al. (2007) found that 49 photochemical processing of exhaust emissions from a small off-road diesel engine led to SOA 50 production and doubled the primary aerosol mass over a few hours in an environmental chamber. in-fleet, on-road diesel vehicles run on chassis dynamometers. Both found SOA production that was 53 roughly consistent with the findings from Robinson et al. (2007) . They additionally found that the use of 54 aftertreatment devices (diesel oxidation catalysts and diesel particulate filters) substantially reduced SOA 55 production (mimicking the reduction in primary aerosol emissions) but observed some SOA production 56 during cold starts and/or regeneration events when the proper functioning of the aftertreatment devices 57 was limited. Furthermore, Gordon et al. (2014) found negligible differences in the SOA formation 58 between diesel and biodiesel fuel. To access longer equivalent photochemical aging timescales compared 59 to typical chamber experiments, Tkacik et al. (2014) measured SOA formation using an oxidation flow 60 reactor (OFR) from air sampled from a highway tunnel in Pittsburgh, PA used by both on-road gasoline 61 and diesel vehicles. OFRs use high concentrations of atmospheric oxidants, e.g. hydroxyl radicals, to 62 achieve long exposures on short actual timescales; further discussion is provided below. Tkacik et al. 63 (2014) measured much stronger SOA formation compared to chambers (SOA: POA was 10:1) over 64 photochemical exposures equivalent to 2 to 3 days, but found that the SOA was lost, or destroyed, as the 65 mixture continued to age over the timescale of a week. Recently, Jathar et al. (2017a) performed 66 experiments using an oxidation flow reactor to measure the photochemical production of SOA from an 67 off-road diesel engine operated at various engine load, fuel, and aftertreatment configurations. Jathar et al. 68 and cyclic alkane IVOCs in diesel exhaust, found that these species accounted for up to 60% of the non-135 methane organic gas emissions. While IVOCs have been recognized as an important class of SOA 136 precursors for diesel (and even for gasoline and biomass burning) sources, updated emissions and 137 speciation estimates from Zhao et al. (2015) have not yet been used to explain observations of 138 photochemically produced SOA from diesel exhaust. consideration. The SOM is a semi-explicit, parameterizable mechanism that uses a two-dimensional 144 carbon-oxygen grid to simulate the multigenerational chemistry and gas/particle partitioning of organic 145 compounds. Although the SOM does not explicitly track or specify the product species composition (e.g., 146
functional groups), the carbon-and oxygen-number representation provides adequate detail to represent 147 many key atmospheric processes, e.g., reactions with oxidants, formation of functionalized products, 148 scission of carbon backbones or fragmentation, surface and condensed-phase chemistry and gas/particle 149 partitioning. The SOM has been used to interpret chamber experiments (Zhang et To summarize, combustion sources such as diesel-powered sources emit precursors that can photooxidize 159 in the atmosphere to produce SOA. This SOA production is dependent not only on the precursor 160 composition (that could vary by combustion mode and fuel type) and photochemical age, but also 161 experimental artifacts (e.g., short condensation timescales) introduced by oxidation flow reactors. Hence, 162 there is a need to develop and apply sophisticated, yet computationally efficient, numerical models to 163 simulate and study SOA formation from combustion emissions. In this work, we applied two SOA model 164 frameworks that vary in sophistication (VBS and SOM) to simulate the photochemical production of SOA 165 in an OFR from diesel exhaust. The models were evaluated by comparing model predictions (OA and 166 O:C) to the recent measurements made by Jathar et al. (2017a) where SOA production was quantified for 167 different photochemical ages under varying engine loads, fuels, and aftertreatment devices. The model-168 measurement comparison, along with sensitivity simulations, highlights the importance of modeling the 169 kinetic gas/particle partitioning of SOA in OFRs, the contribution of IVOCs to the total SOA production, 170 and the ability of the SOM to accurately track the composition of SOA. 171 172 2 Methods 173
Experiments and Data 174
Jathar et al. (2017a) performed photooxidation experiments using an OFR to measure SOA production 175 from the exhaust of a 4.5L, John Deere diesel engine. The stock engine met Tier 3 emissions standards for 176 off-road diesel engines. The OFR used therein was described in detail by Friedman et al. (2016) and the 177 experimental setup and OA measurements from these experiments were described in detail by Jathar et al. 178 (2017a) . We briefly summarize the experimental setup, measurements, and findings from Jathar et al. 179
(2017a). The engine was run at two different loads (idle and 50% load) with two different fuels (diesel 180 and biodiesel), and with and without an aftertreatment system. The aftertreatment system included a diesel 181 oxidation catalyst (DOC) to oxidize CO and THC and a diesel particle filter (DPF) to trap fine particles. 182
Diesel exhaust was diluted by a factor of 45-110 before entering the OFR. The intensity of the mercury 183 lamps (at wavelengths of 185 and 254 nm) inside the OFR was varied to produce different hydroxyl 184 radical (OH) concentrations and simulate different photochemical exposures. The OFR had a residence 185 time of 100 s. A suite of instrumentation was used to measure gas-(CO 2 , CO, total hydrocarbons, NO x , 186 O 2 , oxygenated organic compounds) and particle-(aerosol size and composition) phase concentrations. A 187 total of fourteen experiments (see Table 1 for more details) were performed at varying engine loads and 188 with varying fuels and aftertreatment configurations. The OH exposure was varied between 0 and a 189 maximum of 9.2×10 7 molecules-hr cm -3 (equivalent to 2 days of photochemical aging at an OH 190 concentration of 1.5×10 6 molecules cm -3 ). On average, each experiment included measurements at six to 191 seven different photochemical exposures. The mass concentrations and elemental composition of the POA 192 (measured when OFR lights were off) and SOA (at varying OH exposures) were measured by a high-193 resolution aerosol mass spectrometer (HR-AMS). In addition to the measurements reported by Jathar et al. 194 (2017a), the gas-phase concentrations of oxygenated organic compounds were measured by an acetate 195 reagent ion-based chemical ionization mass spectrometer (CIMS) (Link et al., 2016) . At all engine 196 configurations, SOA production exceeded the POA emissions after the equivalent of a few hours of 197 atmospheric photochemical aging. SOA production was particularly strong at idle (or less fuel-efficient) 198 engine loads and/or when exhaust temperatures were low and proper functioning of the aftertreatment 199 devices was limited. Further, POA emissions and SOA production were nearly identical between diesel 200 and biodiesel fuels. A synopsis of experiments performed and the total hydrocarbons (THC), which 201 includes all SOA precursors, POA, SOA, O:C, OH, and size distribution data are presented in Table 1.  202   203   Although the diesel exhaust was diluted with clean air to produce atmospherically-relevant concentrations  204 of POA, the initial THC, CO, and NO X concentrations in the OFR were still quite high. Peng and Jimenez 205 (2017), using a detailed gas-phase model, argued that the high external OH reactivity from high THC, 206 CO, and NO X concentrations might lead to non-OH chemistry in the OFR and NO could quickly be 207 consumed in the OFR leading to low NO conditions for SOA formation. Peng and Jimenez (2017) 208 quantified the potential influence of NO on the oxidation chemistry by calculating the ratio of the reactive 209 flux of the peroxy radicals with NO to the reactive flux of the peroxy radicals with HO 2 (r RO2+NO /r RO2+HO2) . 210
A ratio greater than 1 was considered as "high NO" while a ratio less than 1 was considered "low NO". 211
For the relative humidity, photon flux, initial NO, and external OH reactivity values in Jathar et al. 212 (2017a), the model of Peng and Jimenez (2017) predicted that the OFR mostly ran in a high NO mode at 213 all photochemical exposures when the engine was run at load conditions or with an aftertreatment device 214 in place. However, the model predicted that the OFR mostly ran in a low NO mode especially at the high 215 photochemical exposures when the engine was run at idle conditions and without an aftertreatment device 216 (i.e., Idle-Diesel-None and Idle-Biodiesel-None). The r RO2+NO /r RO2+HO2 ratio and low versus high NO 217 mode for each photon flux-experiment combination is listed in Table S1 . Based on these results, we 218 accordingly used the low and high NO X parameterizations to perform the model simulations. are high enough to suppress OH exposure and lead to non-tropospheric photolysis at 185 and 254 nm, 224 which could compete with OH exposure to determine the fate of the SOA precursors and its oxidation 225 products. Such conditions could be avoided by ensuring low initial NO concentrations and external OH 226 reactivity that for combustion emissions would require substantial dilution with clean air before they are 227 oxidized in the OFR. Future studies on combustion sources should be cognizant of this fact to avoid 228 artifacts linked to non-tropospheric photolysis of organic compounds in OFRs. 229 230
Organic Aerosol Models 231
In this work, we used two different OA models to predict the mass concentrations and chemical 232 composition of SOA and compare predictions against the SOA measurements from Jathar et al. (2017a)  233 and Friedman et al. (2017) . In this section, we briefly describe the two model frameworks, namely the 234 Volatility Basis Set (VBS) and the Statistical Oxidation Model (SOM), used to simulate the coupled 235 chemistry, thermodynamic properties, and kinetic gas/particle partitioning of OA. Neither model 236 accounted for photolysis of organic compounds in the gas phase at 185 or 254 nm, which may need to be 237 considered in the future when modeling the OFR chemistry from combustion emissions. The VBS model 238 was chosen as it is widely used in contemporary air quality models; the SOM was chosen to examine the 239 influence of improved representation of OA processes (e.g., fragmentation reactions) on model 240 predictions. 241 242
Volatility Basis Set 243
The Volatility Basis Set model, developed by Donahue et al. (2006b) , is a parameterizable model that 244 allows for a volatility-based representation of the coupled chemistry, thermodynamic properties, and 245 gas/particle partitioning of OA. The VBS uses logarithmically spaced so-called basis sets based on the 246 effective saturation concentration (C * ); C * of a species determines the partitioning between the gas and 247 particle phases (Pankow, 1994) . In the VBS model, organic precursors were allowed to react with OH to 248 yield a unique product distribution in C * space that represented stable first-generation products. 249
Subsequent multi-generational gas-phase oxidation, or so-called 'aging,' of the VBS products was 250 modeled using the scheme of Robinson et al. (2007) . In this scheme the product species are allowed to 251 react with OH and yield a product with a C * that is an order of magnitude lower than the direct precursor, 252 to a lower limit C* of 10 -2 µg m -3 . This scheme did not consider fragmentation reactions. The following 253 equations were used to represent the organic precursor oxidation (equation 1) and subsequent reaction and 254 formation of products from the precursor oxidation and aging reactions (equation 2): 255 :>A 259 is the gas + particle-phase concentration in the j th bin (µg m -3 ),3 4 is the mass yield of the first-generation 260 oxidation product of the j th bin (Table 2) , k OH,aging is the reaction rate constant (cm 3 molecule -1 s -1 ) to 261 represent multi-generational aging of the oxidation products, and 6and @are the mass yields associated 262 with the production and loss terms from multi-generational aging. For the j th bin, the second term in 263 equation (2) represents the formation of oxidation products from the j+1 th volatility bin and the third term 264 in equation (2) represents the loss of precursor from the j th bin. 6and @ are assumed to have a value of 1 265 (meaning no fragmentation) but 6 is zero for the last bin and @ is zero for the first bin. 266 267 Volatility-resolved mass yields for eighteen different organic precursors for C * bins ranging from 10 -1 to 268 10 3 µg m -3 were adopted or refit based on low and high NO X parameterizations published in the literature; 269 organic precursors, the high and low NO X VBS mass yields, and the relevant references are listed in 270 Tables 2 and 3. Since there were no direct low NO X VBS parameterizations for alkanes, parameterizations  271 for linear, branched, and cyclic alkanes were developed using pseudo chamber data generated with the 272 SOM based on the low NO X parameters listed in Table 5 for n-dodecane, methylundecane, and 273 hexylcyclohexane respectively. Some of these parameterizations accounted for vapor wall losses and have 274 been accordingly marked in Tables 2 and 3 . Each SOA precursor in the exhaust emissions was assigned a 275 surrogate from Table 2 thermodynamic properties, and gas/particle partitioning of OA. The SOM uses a 2-dimensional carbon-290 oxygen grid to track gas-and particle-phase precursors and products from precursor oxidation. Each cell 291 in the SOM grid represents a model organic species with a molecular weight defined by the formula 292 C x H y O z . A SOM species reflects the average properties (e.g. C * , reactivity) of all actual species with the 293 same number of carbon (N C ) and oxygen (N O ) atoms that are produced from a given precursor class (e.g., 294
benzene, alkanes). In the SOM, all gas-phase species are assumed to be reactive towards OH and the OH 295 reaction rate constant (k OH ) is calculated using equation 3 as follows: 296 (4) 313 where C X O Z is the gas + particle-phase concentration of the SOM species with X carbon atoms and Z 314 oxygen atoms (µg m -3 ) and N fragments is the number of possible products from fragmentation. The 315 probability of fragmentation is modeled using equation 5 as a function of the O:C ratio because higher 316 O:C ratio compounds are expected to have a higher probability of fragmentation (Chacon-Madrid and 317 : 318
The C * for each SOM species was calculated using equation 6 as follows: 320
where MW HC (g mole -1 ) is the molecular weight of the hydrocarbon backbone (accounting only for the 322 carbon and hydrogen atoms). 323
324
The parameters used to model SOA formation were based on those published in Cappa et al. (2016) and 325 are listed in Tables 4 and 5 . These parameter sets were developed by fitting the SOM predictions to 326 chamber measurements of SOA mass concentrations and include corrections to account for vapor wall 327 losses (Zhang et al., 2014) . Each SOA precursor in the exhaust emissions was assigned a surrogate from 328 Table 4 The volatility distribution of May et al. (2013b) for diesel primary organic compounds is listed in Table  383 6(a). For the SOM, we assumed that the primary organic compounds could be represented using a 384 distribution of n-alkanes and we refit the volatility distribution in Table 6 (a) to develop a carbon-number 385 resolved distribution of n-alkanes; this distribution is listed in Table 6 were 60% of the THC emissions from a suite of on-and off-road diesel engines and provided a semi-407 explicit speciation of the IVOC emissions as a carbon-number distribution of linear, branched and cyclic 408 alkanes. To account for these IVOC emissions, we assumed that the base case emissions profiles 409 contained 30% IVOCs on a mass-basis (this IVOC fraction was selected since it resulted in the most 410 optimum model-measurement comparison for OA mass; this will be discussed later in Section 3.3) and 411 had the same chemical speciation as that proposed by Zhao et al. (2015) for an off-road engine 412 (transportation refrigeration unit). We performed sensitivity simulations using IVOC fractions of 0% 413 (assuming that the THC emissions contained no IVOCs), 13.76% (based on the 'unknown' category in 414 Profile #3161), and 60% (based on the median estimate in Zhao et al. (2015)), on a mass-basis. Addition 415 of IVOCs to the emissions profile meant that the VOC species (e.g. benzene, toluene, short alkanes) had 416 to be renormalized to accommodate the IVOCs. Table 7 lists the renormalized baseline emissions profiles 417 for SOA precursors used for diesel and biodiesel exhaust with 30% IVOCs along with the reaction rate 418 constants with OH (k OH ) and surrogates (or model compound) used to model SOA formation for the VBS 419 and SOM models. Concentrations for each species were determined by multiplying the experiment-420 specific THC mass concentrations with the renormalized emissions profiles. 421 422
Particle Size and Particle Number Concentrations 423
For numerical simplicity, we used a monodisperse aerosol, the properties of which (number mean 424 diameter (D p ) and number concentration (N p )) were initialized from the measured particle size distribution 425 data when modeling kinetic gas/particle partitioning. For experiments performed without the DPF+DOC, 426 the initial particle number concentrations and condensational sinks were high (>3.3×10 5 # cm -3 and >0.5 427 min -1 ) and hence the monodisperse aerosol was initialized based on data at no photochemical exposure. 428
For experiments performed with the DPF+DOC where the initial particle number concentrations were 429 relatively low (<1000 # cm -3 and <0.003 min -1 ), photochemical aging resulted in formation and growth of 430 new particles and provided a substantial increase in the surface area (>factor of 300) available for 431 condensation. In these experiments, we initialized the monodisperse aerosol using an average of the data 432 at no photochemical exposure and after photochemical exposure (Palm et al., 2016) . Averaging the data 433 allowed for a more realistic estimate of the condensational sink. In each simulation, the condensing SOA 434 mass was used to calculate the change in particle size but the number concentration was conserved. The 435 number mean diameter and the number concentration data -representing the initial condensational sink -436
for all experiments are listed in Table 1 . 437
438
New particle formation and growth was observed for most experiments at or near the highest 439 photochemical ages (at or >1 OH day), which presumably influenced the condensational sink at the 440 beginning of the experiment. Therefore, we performed sensitivity simulations to investigate the influence 441 of new particle formation on model predictions. We performed simulations with each model (VBS and 442 SOM) with four different initial condensational sinks. The first three simulations used measured data to 443 calculate the initial condensational sink inputs: (i) number mean diameter and measured number 444 concentration at no OH exposure (equivalent to the default for non-DPF+DOC experiments), (ii) number 445 mean diameter and measured number concentration at the given OH exposure, and (iii) average of (i) and 446
(ii) (default for DPF+DOC experiments). The fourth simulation (iv) assumed that the OFR nucleated 1 447 nm particles at the beginning of the experiment where the number concentration of these particles was 448 equal to that measured at the end of the experiment. 449 450
Model Simulations and Model Code 451
The VBS and SOM models were run separately for each photochemical exposure simulated for each 452 experiment listed in Table 1 . In the VBS simulations, POA was tracked in one basis set while products 453 from each SOA precursor were tracked in separate basis sets, allowing us to distinguish between POA and 454 SOA. In the SOM simulations, all precursor molecules with the same surrogate (e.g., all n-alkanes) were 455 tracked in the same SOM grid. Model simulations were performed in phases to answer specific questions 456 and inform model inputs for later simulations: 457 1. To provide a general overview of the model predictions and model-measurement comparison, and 458 to orient the reader to the results thereafter, we performed simulations with the VBS and SOM 459 models using the base set of inputs for one of the Idle-Diesel-None experiments. Our base case 460 included: Profile #3161 for VOC emissions, 30% IVOC mass fraction, kinetic gas/particle 461 partitioning with a mass accommodation coefficient of 0.1, and monodisperse aerosol inputs based 462 on measured data at no photochemical exposure. The partitioning-and IVOC-related choices for 463 the base case are discussed in Sections 3.2 and 3.3 respectively. 464 2. Models used to simulate SOA production in environmental chambers and OFRs have typically 465 assumed instantaneous equilibrium partitioning (e.g., Chen et al. (2013)). To examine the validity 466 of assuming instantaneous equilibrium partitioning, we performed simulations with the VBS and 467 SOM models using instantaneous or kinetic gas/particle partitioning for one of the Idle-Diesel-468
None and the Idle-Diesel-DPF+DOC experiments. Kinetic partitioning was modeled using three 469 values of the mass accommodation coefficient (α=0.01, 0.1, 1) to capture the uncertainty in its true 470 value. To examine the influence of an increased initial condensational sink from new particle 471 formation on kinetic partitioning, we performed additional simulations using four different initial The numerical codes for the VBS were developed in Matlab while those for the SOM were developed in 485 IGOR (WaveMetrics Inc.). These codes will be made available on request. The simulations were 486 performed on an Intel i5 processor (1.7 GHz) and required ~10 s to perform a VBS simulation and ~500 s 487 to perform a SOM simulation at a single photochemical exposure. 488 489
Results 490

General Model Results Using the Base Case 491
In Figure 1 , we compare predictions of OA from the VBS and SOM models using the base case to the 492 measurements for the Idle-Diesel-None experiment performed on June 5. Figures 1(a) and 1(b) compare 493 predictions to the measurements in units of µg m -3 and g kg-fuel -1 , respectively; hereafter we present all 494 mass predictions in units of g kg-fuel -1 . For this experiment, the VBS/SOM models over-predicted the OA 495 mass by a factor of 1.9/2.2 at the lowest photochemical exposure (0.06 OH days) and a factor of 1.6/1.8 at 496 the next highest photochemical exposure (0.17 OH days). The over-prediction was because the models 497 significantly over-predicted the SOA formation at these two photochemical exposures. For higher 498 photochemical exposures (>0.5 OH days), both models slightly under-predicted the OA mass but 499 predictions were still within the measurement uncertainty. Our base case seemed to offer a mixed model-500 measurement comparison for this specific experiment (i.e., over-prediction at lower photochemical ages 501 and a slight under-prediction at higher photochemical ages) because the 30% IVOC mass fraction used in 502 the base case was optimized to achieve a favorable model-measurement comparison across all 503 experiments at all photochemical exposures. In other words, the over-prediction in this experiment at 504 lower photochemical exposures was probably offset by an under-prediction at similar photochemical 505 exposures for some of the other experiments. It is important to note that the model performance varied 506 across the suite of experiments and this overall model performance is discussed in more detail in Section 507 3.3. The VBS and SOM models predicted that the OA at the maximum photochemical exposure was 508 dominated by SOA produced from VOC and IVOC oxidation (92-93%), which agreed well with the 509 measured composition (see Figure 1(c) ). For the measurements, POA was defined as fresh OA while SOA 510 was defined as OA formed in addition to the POA. Furthermore, both models suggested that most of the 511 SOA emanated from the oxidation of IVOCs with only 7-14% resulting from the oxidation of aromatic 512
VOCs and less than 0.6-4% resulting from alkane VOCs smaller than a C 12 . This dominance of IVOCs in 513 explaining the photochemically produced SOA is in line with previous OFR and chamber studies that In Figure 2 , we plot predictions from the VBS and SOM models for the Idle-Diesel-None and Idle-Diesel-519 DPF+DOC experiments assuming instantaneous and kinetic gas/particle partitioning. The two different 520 experiments were deliberately chosen to highlight the role instantaneous partitioning plays at the 521 extremities. We found that for the Idle-Diesel-None experiment, the use of instantaneous partitioning 522 roughly produced the same result as kinetic partitioning with α values of 0.1 and 1 and that all these 523 predictions resulted in roughly the same model-measurement comparison. The instantaneous partitioning 524 predictions were slightly higher than the kinetic partitioning predictions for the VBS simulations. The 525 kinetic partitioning simulations (except for that with an α of 0.01) produced the same result as the 526 instantaneous partitioning simulation most likely because the initial condensational sink was large enough 527
(1.12 min -1 ) in this experiment that there were no kinetic limitations to partitioning. The increase in the 528 condensational sink through condensation of SOA (10 min -1 at the highest photochemical exposure) 529 tended to further reduce any differences in the predictions between the kinetic and instantaneous 530 partitioning simulations. However, for the Idle-Diesel-DPF+DOC experiment, the instantaneous 531 partitioning simulation predicted substantial OA mass at the lower photochemical exposures (0.04 and 532 0.12 OH days) compared to the kinetic partitioning simulations, specifically a factor of 9.8-29 larger at 533 0.04 OH days and a factor of 9.7-75 larger at 0.12 OH days for the VBS model and a factor of 3.9-5.8 534 larger at 0.04 OH days and a factor of 6.4-9.1 larger for the SOM. The instantaneous partitioning 535 simulations predicted a lot more SOA because all condensable products of organic precursor oxidation 536 were allowed to condense instantaneously (according to their respective volatilities) while the kinetic 537 partitioning simulations predicted little SOA production because the initial condensational sink was quite 538 small (0.002 min -1 ). Predictions from the instantaneous and kinetic partitioning simulations were much 539 closer at the higher photochemical exposures because the SOA formed had grown the condensational sink 540 enough to reduce limitations to partitioning (1 min -1 at the highest photochemical exposure). These results 541 imply that the condensation of SOA in OFRs, in some instances, could be kinetically-limited and that 542 instantaneous partitioning may result in models over-predicting the condensation and formation of SOA. include a kinetic treatment of gas/particle partitioning and assumed an accommodation coefficient of 0.1. 562
563
Results from model simulations performed using different initial condensational sink inputs, some of 564 which captured the influence of new particle formation, are plotted in Figure 3 . We found that the initial 565 condensational sink had no influence on the OA predictions from both models for the Idle-Diesel-None 566 experiment, despite substantial differences in the initial condensational sink between the different cases. 567
This was because the amount of SOA formed (920 µg m -3 at the highest photochemical exposure) was 568 sufficient to grow the condensational sink enough that the initial condensational sink did not matter. In 569 contrast, for both models we found large differences between the model predictions of OA for the Idle-570
Diesel-DPF+DOC experiment. The use of inputs based on the measurements at no OH exposure, where 571 the aftertreatment system significantly reduced number concentrations (910 cm -3 ) and hence the available 572 condensational sink (0.002 min -1 ), produced much less SOA (an order of magnitude lower or more) and 573 poorer agreement with the measurements (see curve (i) in Figure 3(b) ). Initial condensational sinks that 574 captured the influence of new particle formation resulted in higher model predictions but were still about 575 a factor of ~2 lower for the VBS simulations and a factor of ~2.7 lower for the SOM simulations when 576 compared against the measurements. The DPF+DOC results also suggest that calculating an initial 577 condensational sink using data from before and after the photochemical exposure, as done by Palm et al. 578 (2016), could be used as an input to model OFR data. Slight differences between the different curves for 579 the Idle-Diesel-None experiment and curves (ii), (iii), and (iv) for the Idle-Diesel-DPF+DOC experiment 580
can be attributed to the interaction of multigenerational aging and kinetic gas/particle partitioning. 581 582
Influence of IVOCs on SOA Formation 583
In Figure 4 (a), we compare predictions of SOA concentrations from the SOM against measurements for 584 all the experiments listed in Table 1 and at all photochemical exposures. For visual clarity, we do not 585 present results from the VBS model as both models had nearly identical predictions with a few 586 exceptions; see Figure S1 where we compare VBS model predictions to SOM predictions for all 587 experiments at all photochemical exposures for the base case. The four panels in Figure 4 (a) show model-588 measurement comparisons assuming four different fractions of IVOCs: 0%, 13.76%, 30%, and 60%; 589 statistical metrics of fractional bias, fractional error, and R 2 for the comparison for both models are listed 590 in Table S4 ( IVOCs (fractional bias = 72%, fractional error = 97%, and R 2 = 0.99). The optimal model performance 597 that produced the lowest fractional bias and fractional error was realized at an IVOC mass fraction of 30% 598 (fractional bias= 6%, fractional error= 86%, and R 2 = 0.88). For predictions with an IVOC mass fraction 599 of 30%, 66% and 70% of the model predictions were within a factor of 1.5 and 2 of the measurements and 600
IVOCs on average accounted for 67%/72% (VBS/SOM) of the SOA at the highest photochemical 601 exposure across all experiments. Given the optimal performance, the base case used in this work assumed 602 a 30% IVOC fraction. These comparisons indicate that it is critical that IVOCs be included when 603 modeling the SOA formation from diesel exhaust and also validate the IVOC composition estimates made 604
by Zhao et al. (2015) . We note that the model of Peng and Jimenez (2017) number, did not include any specificity in terms of the molecular structure, i.e., their methods would not 615 be able to distinguish between a pure C 10 cyclic alkane and a cyclohexane with a 4-carbon branch. 616
Further, the parameterizations to model SOA formation from cyclic alkane IVOCs for both models were 617 based on the behavior of particular compounds. In the VBS model when using the high NO X 618 parameterizations, the surrogate for a cyclic alkane IVOC was determined through equivalence with a 619 straight alkane IVOC while in the VBS model when using the low NO X parameterizations or the SOM the 620 cyclic alkane IVOCs were tied to parameterizations for hexylcyclohexane. (The observed SOA yield and 621 derived SOM parameterization for hexylcyclohexane is actually quite similar to that for cyclododecane 622 for low-NO X conditions, but not for high-NO X conditions (Cappa et Idle-Diesel-None experiments show that the choice in the emissions profile had no influence on the OA 642 evolution for the VBS model but had a small influence on the OA evolution for the SOM. This little to 643 small influence was expected given that most of the SOA was formed from IVOC, rather than VOC, 644 oxidation. This further demonstrates that IVOCs, not VOCs, play an important role in controlling the 645 SOA formation from diesel exhaust emissions and it is important that future studies work towards better 646 understanding the IVOC speciation. 647
648
The IVOC speciation of Zhao et al. (2015) included 37 unique species, each of which required a unique 649 surrogate to model the SOA formation from that species. Tracking these many IVOC species in an 650 atmospheric model (e.g., global climate model) may be intractable and hence, there is a need to develop 651 simplified parameterizations to efficiently model SOA formation from IVOCs. We note that species using 652 the same surrogate in the VBS model (e.g., a C 15 linear alkane, C 17 branched alkane, and C 13 cyclic alkane 653 are all parameterized using n-pentadecane when using the high NO X parameterizations) could be lumped 654 together to reduce the number of precursors and products tracked and that there are no penalties for a 655 precursor type (e.g., n-alkanes) to include additional precursor and product species once a SOM grid is 656 setup. Nonetheless, to investigate the possibility of developing a simplified parameterization, we modeled 657 SOA from IVOCs assuming that all the IVOCs could be modeled together as a single linear C 13 , C 15 , C 17 658 or C 19 alkane; a similar strategy was employed by (Jathar et parameterizations point to inherent differences in the coupled representation of multigenerational aging 670 and gas/particle partitioning. Results from these simulations indicate that in cases where computational 671 efficiency is demanded, the SOA formation from IVOCs in diesel exhaust could be modeled using a 672 surrogate linear alkane, possibly a C 19 linear alkane with the VBS and a C 13 or C 15 linear alkane for the 673
SOM. 674 675
Elemental Composition 676
The SOM tracks both the carbon and oxygen number of the oxidation products, which allowed us to 677 predict the O:C ratio of the OA. The O:C of the OA was calculated by combining the measured O:C of 678 the POA with the modeled O:C of the SOA. We compare predictions of the O:C of OA from the SOM 679 against measurements for all the experiments listed in Table 1 and at all photochemical exposures in 680 case as a function of photochemical age are presented in Figure S2 . 696
697
The under-prediction in O:C ratios was confounding when compared to earlier applications of the SOM 698 and in light of the reasonable model-measurement comparison found in this work in predicting OA mass. 699
We note that the low O:C in the 13.76%, 30%, and 60% IVOC cases stems from the dominance of 700 product species that have high carbon numbers and low oxygen numbers. We explored several lines of 701 reasoning for this under-prediction. different than the alkanes used to model them in this work. Second, the gas-phase chemistry in the OFR 709 might be inherently different than that in a chamber. For example, kinetic limitations to gas/particle 710 partitioning may result in gas-phase oxidation of low-volatility products having high O:C that typically 711 would have partitioned to the particle phase in a chamber experiment but instead are fragmented (Palm et  712 al., 2016). As to why the chamber-based SOM parameters then offer good model performance on OA 713 mass remains unclear. One way in which this issue could be addressed in the future is by developing 714 SOM parameters exclusively based on OFR data, as and when they become available. Third, the SOM 715 used here did not include surface/heterogeneous and particle-phase reactions that might influence the OA 716 composition and O:C ratio. When heterogeneous reactions of OA were included assuming an OH uptake 717 coefficient of 1 (the product distribution from the oxidation reaction was kept the same as the gas-phase 718 reactions), SOA production at the highest photochemical exposure for all the experiments was reduced, on 719 average, by 7% from fragmentation reactions within the particle phase, but the O:C ratio was only 720 marginally increased (average of 2%). species to be partitioned to the particle phase. This left very little of the organic species in the gas-phase to 772 participate in multi-generational aging. We calculated that less than 20% by mass of the product species 773 in this experiment was in the gas-phase at the OA mass concentration at the highest photochemical 774 exposure, implying that the SOA mass yields at these OA mass concentrations were rapidly approaching 775 100%. In contrast, the absence of aging resulted in a 43% decrease in the OA mass for the SOM. The 776 decrease was mainly because the first generation oxidation product with the highest yield (i.e., C x O 1 ) was 777 too volatile to partition to the particle phase and needed to be aged further to form condensable products. 778
As noted earlier, the term aging is defined differently for the VBS and SOM models and the results 779 presented here need to take the definitional issues into account when examining the influence of aging. 780
Compared to the base case, no aging resulted in an average decrease of 4% and 30% in OA mass for the 781 VBS and SOM models respectively for all experiments at the highest photochemical exposure. These 782 simulations suggest that aging of the oxidation products, at least for the SOM, is as important as the 783 contribution of first generation products to SOA formation. show that the loss of vapors to the OFR walls had a small influence on model predictions: a 6.5% 805 decrease for this experiment and an average decrease of 11% across all experiments at the highest 806 photochemical exposure. Increasing the equivalent OA mass concentration for the OFR walls to 100 and 807 1000 mg m -3 seemed to have no influence on model predictions. These findings imply that vapor wall 808 losses in the presence of sufficient seed aerosol might not be of concern for OFRs (Lambe et al., 2015) . spatial heterogeneity in the gas-phase chemistry inside the OFR (e.g., from radial variation in light 829 intensity) could lead to spatial heterogeneity in OH concentrations and result in a distribution of OH 830 exposures for the sample being aged. We performed simulations to explore the sensitivity of a varying 831 OH exposure on model predictions. These simulations were performed where we split the sample coming 832 into the OFR into two parcels and treated the parcels to different OH exposures. Each experiment was 833 repeated for all combinations (six total) of three different parcel splits (¼-¾, ⅓-⅔, ½-½) and two different 834 OH exposure splits (⅓-X, ⅔-X); X was determined by conserving the total OH exposure reported by 835 Jathar et al. (2017a) . For instance, the first simulation was performed by splitting the OFR air parcel into 836 ¼ and ¾ fractions by volume and exposing the ¼ volume to ⅓ the OH exposure. The parcels were 837 combined after photochemical exposure without repartitioning the OA between the two parcels. The 838 results in Figure 7(d) show that the simulated spatial heterogeneity always reduced the OA mass although 839 the maximum reduction (13% for the VBS and 14% for the SOM models) at the highest photochemical 840 exposure was within the measurement uncertainty at least for the SOM. Compared to the base case, the 841 spatial heterogeneity in OH resulted in a maximum decrease of 13% and 15% in OA mass for the VBS 842 and SOM models respectively for all experiments at the highest photochemical exposure. 843 to measure the photochemical production of secondary organic aerosol (SOA) from diesel exhaust under 847 varying engine loads, fuel types, and aftertreatment systems. These data present an opportunity to not only 848 test SOA models but also use these models to interpret OFR data and determine their relevance for the 849 real atmosphere. In this work, we applied two different SOA model frameworks (VBS and SOM) to 850 simulate the photochemical production of SOA in an OFR from diesel exhaust and evaluated those model 851 frameworks using the data from Jathar et al. (2017a). The volatility basis set (VBS) model is a 852 parameterized model that allows for a volatility-based representation of OA while the statistical oxidation 853 model (SOM) is a semi-explicit parameterized model that uses a carbon-oxygen grid to track OA. Both 854 simulated the coupled chemistry, thermodynamic properties, and gas/particle partitioning of OA and 855 accounted for: (i) semi-volatile and reactive emissions of primary organic aerosol (POA), (ii) SOA 856 production from IVOCs and VOCs, (iii) multi-generational aging, and (iv) kinetic gas/particle 857 partitioning. 858
859
Model predictions suggest that the instantaneous gas/particle partitioning assumption may over-predict 860 SOA formation in OFRs when the initial condensational sinks are low and the condensation of SOA is 861 likely kinetically limited. Hence, SOA formation in OFRs needs to be modeled/interpreted through an 862 explicit treatment of kinetic gas/particle partitioning. Differences in model predictions between 863 instantaneous and kinetic partitioning will depend on the rate at which condensable SOA mass is 864 produced in the OFR (depends on the initial precursor concentrations and photochemical exposure), 865 residence time in the OFR, properties of the condensing species (e.g., diffusion coefficient, molecular 866 weight), and parameters relevant for partitioning (e.g., accommodation coefficient, seed aerosol surface 867 area). To explore the relative importance of instantaneous and kinetically-limited partitioning in an OFR, 868 we used the SOM to simulate SOA formation from diluted diesel exhaust using instantaneous and kinetic 869 partitioning assumptions for varying amounts of SOA formed (1-10000 µg m -3 ) and initial condensational 870 sinks (0.001-10 min -1 ). These simulations were similar to the calculations performed by Palm et al. (2017) 871 where they calculated timescales and losses of condensable SOA vapors to the OFR walls and sampling 872 lines and reaction with OH. The calculations were performed for two different initial particle sizes (10 873 and 100 nm) since the condensation of SOA mass would grow the initial condensational sink for the two 874 particles at different rates, i.e. for the same starting initial condensational sink, smaller particles would 875 experience quicker growth in the condensational sink compared to larger particles for the same amount of 876 condensing mass. The calculations were also performed for two different residence times -2 and 4 877 minutes -to span the residence time range used in typical applications of the OFR. We assumed an 878 accommodation coefficient of 0.1. The results plotted in Figure 8 show the ratio of SOA predicted 879 through kinetic partitioning to that predicted through instantaneous partitioning as a function of the initial 880 condensational sink and the SOA formed under an instantaneous partitioning assumption. Across the four 881 scenarios explored (two initial particle sizes and two residence times), the SOA formation predicted under 882 the kinetic partitioning assumption was an order of magnitude or more lower than that predicted under the 883 instantaneous partitioning assumption over a large portion of the input range explored, e.g., when the 884 initial condensational sink was smaller than ~0.1 min -1 and the maximum SOA formed was lower than 885 ~100 µg m -3 for the 10 nm simulations and lower than ~1000 µg m -3 for the 100 nm simulations. We also 886 found that the SOA formation in the OFR was kinetically-limited under typical ambient conditions. The 887 SOA formation predicted under the kinetic partitioning assumption approached the SOA formed under the 888 instantaneous partitioning assumption either when the initial condensational sink was very large (>5 min OFR experiments. Model predictions of the gas-phase organic species compared favorably to those 918 measured using a chemical ionization mass spectrometer (CIMS), which qualitatively validates the 919 statistical evolution of organic compounds tracked through the generalized SOM mechanism. 920 921 As OFRs are increasingly used to study SOA formation and evolution in laboratory and field 922 environments, there is a need to develop models that can be used to interpret OFR data. This work 923
suggests that multi-generational aging (in case of the VBS model), residence time distributions, and 924 spatial heterogeneity in OH concentrations produced sensitivities that were well within the measurement 925 uncertainty and were not a concern for the model system studied. However, model predictions did appear 926 to be more sensitive to multi-generational aging (in case of the SOM) and influence of vapor wall losses, 927
highlighting that these processes be included in OFR models. While the conclusions from this work may 928 be relevant for other laboratory and ambient studies, their relative importance may vary. There are several 929 instances where the model development was insufficient and will likely be addressed in future work. 
